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Abstract 
Acacia nilotica planted in Baluran National Park aims to prevent the spread of fire from savanna 
to teak forest became developed into invasive and led to a decrease in the quality and quantity of 
savannas. Therefore, it is required to predict the spread of A. nilotica to minimize the impacts of invasion 
on savanna area. The study aims to identify environmental factors which affect spread of A. nilotica. 
Furthermore, the spread of A. nilotica is predicted using Maximum Entropy. Maximum Entropy is efficient 
model since it uses presence-only data while the most of other models use presence and absence data. 
The experimental results reveal six environmental factors, including elevation, slope, NDMI, NDVI, 
distance from the river, and temperature were identified affecting the spread of A. nilotica. The most 
dominant environmental factors were elevation and temperature with 40% and 39.6% contributions. 
Maximum Entropy performed well in predicting the spread of A. nilotica, it was indicated by AUC value of 
0.938. 
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1. Introduction 
Indonesia has the second highest biodiversity in the world after Brazil because there 
are many ecosystems in it. One of them is the savanna ecosystems in Baluran National Park 
which is known as the replica of savanna in Africa. The savanna ecosystem soil is formed by 
fires occurred repeatedly. A disturbance in the Baluran National Park savanna preservation will 
influence other various ecosystems [1]. The disruptions are generally in the form of cattle 
grazing and agricultural land use [2]. 
Another major threat comes from the extension of the uncontrolled invasion of the A. 
nilotica species that was originally imported for the purpose of isolating vegetation from fires [1]. 
The larger spread and invasion of the species are the significant indicator of the disturbance 
and threat to the ecosystem. The growth and spread rate of this exotic species can reduce both 
quality and quantity of the savanna in Baluran National Park. These decreases effect the 
changes of herbivorous wildlife behavior which originally consumed grass and turn out to be 
consuming seeds of A. nilotica. This happens because there is a friction in the existence of the 
main feed by A. nilotica species. There is also problem arise from the area where the invasion 
of A. nilotica replaced by that of another invasive species like Ocimum basilicum and Thespesia 
lampas, which are less popular for animals [3]. 
India, Pakistan, and Africa are believed to be the origin of A. nilotica species [4]. A. 
nilotica found commonly on the soil containing high clay. It can also grow in the deep sandy 
loam and also in an area whose high rainfall [5]. A. nilotica which was introduced to Indonesia is 
an indica sub species. A. nilotica was intended to be a commercial high quality gum producer. 
The introduction did not reach the target since the gum production was still low. The introduction 
then continued to the Baluran National Park as a fire barrier to avoid the spread of fire from 
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savanna to the forest [6]. Nevertheless, the invasion of A. nilotica caused the distress of other 
various types of vegetation as the main element of the Baluran grasslands. 
A. nilotica is a plant species whose many benefits. However, it has not been explored 
optimally in Indonesia. In the other hand, the presence of A. nilotica also causes problems as it 
is an invasive plant [7]. Therefore, a prediction system using Species Distribution Models is 
required to prevent its spread by understanding the types of habitat of A. nilotica. Species 
Distribution Models (SDMs) offers a quantitative approach to identify the relations between 
species and environment together with how these relations influence the geographic 
distributions of the species (species distribution) [8]. 
Some approaches used commonly for Species Distribution Modeling are linear 
regression [9], multivariate (Principal Component Analysis) [10-12], GLM [13-14], and Maxent 
[15]. The basis of SDM is located on the use of presence and absence data obtained from 
observation, specimens’ records and literature. The problem in obtaining absence data occurs 
during the observation. Moreover, after obtaining the absence data, the data was not reliable 
because the amount was limited. According to [16] in his observation, it showed that the use of 
Maxent model resulted stable and reliable prediction and surpass some other methods in the 
use of presence-only data. 
The Maxent model is chosen because it offers several advantages such as: (1) it can 
use input presence-only data; (2) it can use input variable in the form of either continuous and 
categorical data; (3) it produces a stable and reliable prediction accuracy when the data 
condition is not complete and there is a few sample size; (4) it can directly produce a map of the 
suitability of spatial habitat explicitly; (5) and encompasses a jackknife test feature which can be 
used to evaluate environmental variable which is considered to be important [16]. 
Some authors have used the maximum entropy modeling approach for species 
distribution. [17] used the maximum entropy model to identify environmental factors affecting the 
presence of the Sumatran Rhinos. [16] used the maximum entropy model to predict climate 
change quantitatively on Riparian species. [18] used the presence and absence data with 
logistic regression method to analyze the suitability of habitat for A. nilotica. In addition, the 
maximum entropy method can also be used in the field of electronics. [19] used the principle of 
maximum entropy to determine the prior distribution in the evaluation of the reliability of a low 
voltage switch. 
This study aims to identify environmental factors that have an important influence on the 
existence of A. nilotica. The Maximum Entropy Modeling is relevant to be used as a predictive 
modeling factor. The data used in this study include presence-only and environmental data as 
the development of the research by [18]. The data and information play an important role in 
determining habitat suitability of A. nilotica and consequently, the prevention efforts toward the 
expansion of the A. nilotica can be encouraged. In addition, the information obtained can be 
used to determine a new potential extension location of the invasion in the area. 
 
 
2. Research Method 
Figure 1 shows the method of this research. To predict the spread of A. nilotica invasive 
species in Baluran National park, there are several steps: data collection, preprocessing, 
overlaying environmental data, multicollinearity test, data partition, maximum entropy modeling, 
calibration and evaluation. The tools used to build the prediction model in this research are R 
software [20] to build the model and Quantum GIS for spatial analysis. 
 
 
 
 
Figure 1. Research method 
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2.1. Data Collection 
The data used in this research are observation data from research [18] in Baluran 
National Park Situbondo, East Java. The observational data consisted of Acacia nilotica 
distribution data and environmental data affecting the spread of A. nilotica. The distribution data 
used in this research is presence data of A. nilotica, while environmental data consist of 
elevation, slope, NDMI, NDVI, distance from the river, and temperature shown in Table 1. 
 
 
Table 1. Environment Variable 
No Variables Units 
Data 
scale 
Data source Extraction technique 
1 Elevation Meter Ratio 
Aster G DEM 
(http://earthexplorer.usgs.gov/) 
Spatial analysis 
2 NDMI - Ordinal 
Landsat satellite imagery 8 
OLI (row/path: 121/065) 
(NIR-IR)
(NIR+IR)
 
3 NDVI - Ordinal 
Landsat satellite imagery 8 
OLI (row/path: 121/065) 
(NIR-Red)
(NIR+Red)
 
4 
Distance from 
the river 
Meter Ratio 
Map distance from the river 
(RBI) 
Spatial analysis with 
Euclidean Distance 
5 Slope Percent (%) Ratio 
Aster G DEM 
(http://earthexplorer.usgs.gov/) 
Analysis of the slope 
of the surface 
topography 
6 Temperature Degree (
o
) Ratio Surface temperature map Spatial analysis 
 
 
2.2. Preprocessing 
The presence data is organized in comma separated value (CSV). The spatial data of 
environmental variable must be in raster format, the same extent, and geographical coordinate 
system. The resolution used in this research is 30 meters with the extents of -7.748274 (up), 
114.2937 (left), 114.468 (right), -7.928792 (bottom). Data extraction techniques environmental 
variables that influence habitat suitability Acacia nilotica can be seen in Table 1. Data 
processing is done by using Libre Office Calc, Quantum GIS, and R Studio. 
 
2.3. Overlay Data 
The overlay is done to combine several environment variables that are used into one 
predictor variable. The result of the overlay can be used to extract the values of the predictor 
variable. In addition, the overlay results into one of the components needed to build predictive 
models. 
 
2.4. Testing Multicollinearity 
Before doing the modeling, multicollinearity test needs to be done. Multicollinearity is a 
condition where there is a very strong relationship between predictor variables. Multicollinearity 
test is performed to determine whether there is collinearity between predictor variables. 
Mathematically multicollinearity can mainly be detected with the help of tolerance and its 
reciprocal, called variance inflation factor (VIF). Tolerance approaching 1 can be indicated that 
the value of multicollinearity is very small, in contrast, if tolerance close to 0 can indicate the 
occurrence of multicollinearity in that variable [21]. The calculation of the value of VIF to 6 
environment variables according to (1). 
 
VIF=
1
1-R
2 (1) 
 
Where R
2
 is the coefficient determinant of the predictor variable. 
 
2.5. Data Partition 
The spread of data in the form of coordinate points is then divided into training data and 
testing data. The technique used in data dividing is using K-fold Cross Validation. K-fold Cross 
Validation is a method used to evaluate learning algorithm by dividing data into k-fold since k-1 
fold is used as training data and 1 fold is used as data test [22]. Training data is used to build 
predictive models, while test data is used to test the performance of the model. 
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2.6. Maximum Entropy 
The availability of data on environmental variables that affect species existence as well 
as the development of supporting technologies in the data processing has led to the 
development of predictive modeling based on environmental factors and the existence of 
species geographically [17]. For some species that have data and information on presence and 
absence, it is possible to use some statistical techniques in predictive modeling. However, not 
all species have the data and complete information on the presence and absence, so it requires 
a certain modeling method for predicting the presence of such species geographically [23]. 
Maxent is a general purpose method for making predictions from incomplete 
information. Maxent is a common approach for modeling species distribution using only the 
presence dataset. The idea of Maxent is to estimate a target probability distribution by finding 
the probability distribution of maximum entropy, subject to a set of constraints that represent our 
incomplete information about the target distribution [23]. Basically, the problem of modeling 
species distribution is a matter of density estimation. In the estimation, the maximum entropy 
density of the species distribution is represented by the probability distribution π above the set X 
of the study location. Thus, π gives a non-negative value for each x and the sum of values π(x) 
is 1 [24]. If we assume the response variable as y, then π(x) is the conditional probability 
P(x | y=1), that is the probability of evidence x, if the hypothesis y=1 is known. According to 
Bayes' rule shown by (2) [24]. 
 
P(y=1 | x)=
P(x | y=1) P(y=1)
P(x)
=π(x)P(y=1)|X| (2) 
 
Where, 
y =class target 
x =evidence 
P(x) =probability of evidence x 
P(y=1) =probability of the number of data with the presence class 
P(x | y=1) =probability of presence 
P(y=1 | x)=probability of data with the presence class, if given the evidence x 
 
Equation (2) showed that the π is comparable to the probability of presence. However, if 
it has only presence data, it cannot determine the probability of species presence [23, 25]. 
Therefore we estimate the distribution of "π" before making an estimate of P(y=1 | x). 
Presented a new way to estimate the probability distribution targets of the model 
Maxent. The probability distribution target can be calculated using the Gibbs Distribution 
theorem. According to [26], the Maxent distribution belongs to the family of Gibbs distributions 
derived from the set of features f1,…,fn. Gibbs distribution is exponential distribution 
parameterized by a vector of feature weights λ=(λ1,…,λn), and is defined (3) [24]. 
 
q
λ
(x)=
exp(∑ λjfj(x)
n
j=1 )
Zλ
 (3) 
 
Where Zλ is a normalization constant ensuring that probabilities qλ(x) sum to one over the study 
area. After obtaining an estimate of q
λ
, sufficient information is obtained to obtain the probability 
distribution P(y=1|x), as indicated (4) [24]. 
 
P(y=1|x)=
eHqλ(x)
1+eHqλ(x)
 (4) 
 
Where q
λ
is the estimated probability of presence with the maximum entropy of π and H is the 
entropy of q
λ
. 
 
2.7. Calibration and Evaluation 
Some studies have independent data available for validation [27-28] or collect new data 
for validation [29]. However, it is often not feasible to collect new data. In this situation, a very 
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common approach used to validate is to divide the data into a single section used for model 
calibration (training data), and one other section used for model validation (test data) [30, 31]. 
In this study, the distribution of data using K-fold cross validation. K-fold cross validation 
is a method to evaluate learning algorithm performance by dividing data into k fold, as much as 
k-1 fold is used as training data and 1 fold as test data [22]. 
In modeling the distribution of species, evaluating the habitat suitability model and the 
resulting predictive maps focused on quantifying predictive accuracy as a model performance 
measure or validity [32]. The species distribution model is validated using new data or 
independent data [33]. Using the same data to calibrate and evaluate the species distribution 
model would result in excessive model performance [34]. Most of the modeling methods used in 
the species distribution model to assign classifications, actually predict the probability of class 
membership. Conventionally, probabilistic predictions are converted to categorical by using a 
threshold probability value to distinguish presence and absence [32]. 
 
 
3.    Results and Analysis 
3.1. Model Performance and Variable Contribution 
The result of the model evaluation in predicting the existence of Acacia nilotica in the 
Baluran National Park can be seen from one of the Maxent output, graphics of sensitivity and 1-
specificity is shown in Figure 2. 
 
 
 
 
Figure 2. ROC curve 
 
 
Those graphics shows the AUC score of the training data is 0.938. According to [35], 
models can be categorized as providing good performance. The result of variables contribution 
tested using jackknife is shown in Figure 3. 
 
 
 
 
Figure 3. The Test results with the jackknife variable contribution in modeling the spread of 
Acacia Nilotica 
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The variables of temperature and elevation produce the high gain (> 0.6) if they are 
used independently. That information shows that temperature and elevation have information 
that is more useful than the other variables. The variable of elevation is an important fact which 
having effects on the other plants [36]. NDMI, NDVI, and Slope have a medium gain if it used 
independently. Therefore, the variable of distance from the river has a low gain if it used 
independently which shows that this variable does not have a lot of useful information. 
 
3.2. Habitat Suitability Response Curves 
The relationship between the probability of A. nilotica presence and environmental 
variable can be seen in response curves produced by Maxent. The curves show how the varied 
environmental variable effect on the prediction of A. nilotica presence as shown in response 
curves from 6 environmental variables in Figure 4. Response curves show the quantitative 
relationship between environmental variable with the logistic probability of presence (also known 
wit habitat suitability) and deepen the understanding of niche ecology of the species [16]. 
 
 
  
 
 
  
 
Figure 4. Response curves of the six variables in the model predictions of the spread of Acacia 
Nilotica 
 
 
3.2.1.  Habitat Suitability based on Elevation 
According to the response curves, a suitable elevation range is 0-100 meters, included 
in the category of flat topography and the flat savanna with soil deposits (alluvial) [1]. A. nilotica 
thrives on alluvial soil with a high clay levels [1, 37] and can grow on poor soil nutrient elements 
[1]. 
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3.2.2. Habitat Suitability based on NDMI 
In the response curves in NDMI produce score NDMI for about 0-0.45. The score which 
closer to 1 describes that the area is flooded by water often or nearby the river. The curves 
describe the probability of A. nilotica presence in NDMI for about 0.15-0.25 and then decrease 
in the index of more than 0.25. These results indicate that A. nilotica grows fertile in dry areas 
[37]. 
 
3.2.3. Habitat Suitability based on NDVI 
NDVI gained in the modeling which then shown by the response curves is about -0.15-
0.55 according to the statement of Dragomir, Petrosani [38], that the NDVI score about -1-1. 
Next, the results of our research are suitable which the previous research which is done by 
Siswoyo [18], which declared that the result of calculation produces NDVI score between 
0.1147-0.5243. The probability shown by the response curves in NDVI variable shows that the 
land covering/vegetation in the Baluran National Park is a Savanna, secondary forest mix with 
scrub and primary forest. 
 
3.2.4. Habitat Suitability based on Distance from the River 
The model predicts the decrease of suitability with the raising distance to the nearest 
river. It shows that the A. nilotica usually lives in a flat flood plain that suitable to the research 
Duke [37], which declared that A. nilotica generally grows near the waterway, especially in the 
flood area. 
 
3.2.5. Habitat Suitability based on Slope 
In the response curves of the slope, variable produce score 0-18 degrees which mean 
that the habitat of A. nilotica is in a flat and sloping topography [1]. It is closely related to the 
diverse behaviour of the herbivores which become the seeds disseminators [18]. Herbivorous 
animals favour low-tilt habitats aimed at meeting all life needs such as eating and drinking [9]. 
 
3.2.6. Habitat Suitability based on Temperature 
The temperature response curves show the logistic probability of A. nilotica presence 
increases started from 18.5
o
C-26.5
o
C and then decrease. The result of the curves shows the 
condition that suitable with the research [39], which declared that the annual average 
temperature that suitable with the habitat of A. nilotica is between 18.7
o
C-27.8
o
C. 
 
3.3.    Model Application 
3.3.1. The Acacia nilotica Distribution 
The distribution of Acacia nilotica in Baluran National Park is shown in Figure 5. The 
temperature variable is the most important variable structuring A. nilotica distribution. As the 
temperature increases, the suitability of habitat increases. The elevation variable is the variable 
that influences after the temperature. Because the habitat of A. nilotica tends to be on the 
ground is not too high, in other words in the range of 0-100 meters. Furthermore, the vegetation 
index and moisture index are two variables that influence. Suitable habitats are distributed in 
open areas or have a vegetation index of less than 0.5 and are slightly waterlogged or have a 
humidity index between 0.15-0.25. The slope and distance from the nearest river become the 
next important variable. 
 
 
 
 
Figure 5. Habitat suitability distribution of A. Nilotica according to occurrence records 
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3.4. Calibration and Evaluation 
The calibration and evaluation are done by dividing the presence data using the K-fold 
method. Data is divided into 10 fold. A total of 9 fold is used as training data and 1 fold is used 
as test data. The evaluation phase is crucial in assessing the accuracy of predictions. This is 
achieved by testing the potential distribution of a species represented by the prediction model 
against evidence recorded in the field [40]. In the evaluation phase, the additional data used is 
the absence data obtained from the observation [18]. The results of the evaluation show 
excellent model performance as shown in Figure 6. Figure 6 shows that model performance is 
categorized very well with an AUC value of 0.984. It shows that the test data used can represent 
the whole data in the study area. 
 
 
 
4. Conclusion 
A model of the prediction of the potential presence based on the maximum entropy 
theory is developed to evaluate and predict the potential existence of Acacia nilotica in the 
Baluran National Park. Predictive models can be categorized very well as indicated by the AUC 
value of 0.938. Environmental factors that most influence the frequency of presence of A. 
nilotica is the elevation and temperature. It explains that A. nilotica has a habitat in the lowlands 
and medium temperature. Most of the research sites are considered to have low suitability as a 
habitat for A. nilotica. For further research, the model can be developed by adding the 
geological factor in the form of soil variable with the categorical data type. 
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